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Reality: 
Agricultural AI routinely fails to generalize across space, time, species  and production systems

AI successes in agriculture  The Agricultural AI efficacy gap

Environment Management Genetics

Weather

Soil

Agricultural 
practices

Historical yields
Genotypes

Landscape 

Climate 

Remote Sensing

Cultivars

Crop calendar Phenotypes

Global scale Farm scale Field/Plot scale

Precision agriculture and 
livestock farming (2000)

Continent-wide field 
trial monitoring (2021)

Computer vision for plant 
phenotyping (2014-)

Reinforcement learning for crop 
management (2022)

Challenges
An architectural pivot is necessary

Task-specific deep learning 
models

Opportunities for agricultural 
foundation models

Data 
requirements

Require massive, aligned 
labelled datasets

Leverage small multi-modal unpaired 
corpora via SSL

Knowledge 
representation

Learn observational 
correlations

Regularize with implicit knowledge and 
fundamental principles

Adaptability Overfits to local effects –
retraining per location or task 

AgriFMs act as jumpboards for robust 
few-shot learning
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The first model (agriFM-E) is a spatio-temporally explicit FM, able to learn how environmental conditions drive 
plant growth and agricultural land use. It can learn from vast volumes of EO, weather and soil information that is 
globally available, combined with agriculture-specific spatial and temporal masks (e.g., crop calendars and spatial crop 
allocation) and pretext tasks (e.g., phenology observations, synthetic crop growth model outputs). It offers 
agriculture-specific environmental embeddings for a variety of use cases and applications, from crop type classification 
to yield forecasting, protein content estimation, soil health and farm advisory. 
 

The second (agriFM-M) is an agricultural document understanding FM, able to learn how decisions are taken for 
agricultural management. It can learn from vast volumes of extension advisory, scientific literature, and agronomy 
textbooks, when combined with agronomy-related ontologies (e.g., AgroVOC), crop simulation summaries, crop 
suitability maps, agronomy-based context and agronomy-informed chain of thought context provisioning. While the 
model primarily encodes the rational, knowledge-based aspects of decision-making, it also recognizes that advisory 
documents and recorded practices inevitably reflect human biases, local traditions, tacit knowledge, and at times 
irrational choices. It can offer agriculture-specific embeddings of crop management and can be useful for a variety of 
use cases and applications, from irrigation, nutrient or feed advisory, to strategies for ensuring soil health. 
 

The third (agriFM-G) is a plant imaging FM, able to learn plant structure and growth. It learns from vast volumes 
of plant image libraries corresponding to several species. They encompass the vast variability of sensors deployed in 
fields and controlled environments: from RGB images to depth, 3D and multi spectral imaging, with top, or side views, 
and variable exposure in real-world conditions. It will incorporate domain knowledge in the form of simulation models, 
synthetic data and physical constraints on plant structure, and textual descriptions of plant phenology. It will offer 
agriculture-specific embeddings of plant structure and growth that can be useful for several tasks from plant disease 
detection, to breeding ideotypes advisory. 

 
Figure 1: The AgriScienceFM approach 

 

The three (3) AgriFMs will be pretrained using self-supervised (e.g. contrastive learning) methods, and then 
extensively evaluated with a new, comprehensive, agriculture-specific AI benchmarking suite addressing key scientific 
challenges. The AgriScienceFM benchmarking suite is organised in four (4) use cases, that correspond to long-term 
challenges in agricultural sciences: (UC1) Crop & water monitoring from space; (UC2) Farmer advice on soil 
health; (UC3) Phenotyping & breeding for climate resilient crops; and (UC4) Precision crop and livestock 
farming for pest and disease management. Value-added will be evaluated not only in terms of accuracy in 
benchmarking tasks, but also capacity to perform with less training data (few-shot learning), in new conditions 
(zero-shot performance) and under domain shifts (e.g., climate extremes, geographic or temporal variability, sensors or 
practice changes). The AgriScienceFM benchmarking suite will include domain-specific baselines, including statistical 
or process-based models or comparisons with domain expert advice, as appropriate. Continuous monitoring of potential 
risks and biases will be incorporated, considering not only biases in data collection and model development, but also 
domain-specific risks, from representativeness of agricultural practices, to long-term effects and food security risks.  
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The AgriScience.FM Project 2026-2029

Contact: http://www.wur.ai

One label per year bottleneck

Unavoidable Domain Shifts

Biology x Nature x People
Disconected data modalities

Prerequisite for progress: domain-specific benchmarks!

- Complex Genetics-Environment-Management 
interactions

- Limited, fragmented data in misaligned corpora
- Siloed knowledge across several disciplines

Thanks to our team!


